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ABSTRACT  
  
The southwestern willow flycatcher (Empidonax traillii extimus) is 
listed as an endangered species throughout its range in the southwestern 
United States. Little is known about its sub-population spatial structure 
and how this impacts its population viability. In conjunction with being 
listed as endangered, a recovery plan was produced by the US Fish and 
Wildlife Service, with recovery units (sub-populations) roughly based on 
major river drainages. In the interest of examining this configuration of 
sub-populations and their impact on the measured population viability, I 
applied a multivariate auto-regressive state-space model to a spatially 
extensive time series of abundance data for the southwestern willow 
flycatcher over the period spanning 1995-2010 estimating critical growth 
parameters, correlation in environmental stochasticity or “synchronicity” 
between sub-populations (recovery units) and extinction risk of the sub-
populations and the whole. The model estimates two parameters, the 
mean and variance of annual growth rate. Of the models I tested, I found 
the strongest support for a population model in which three of the recovery 
units were grouped (the Lower Colorado, Gila Basin, and Rio Grande 
recovery units) while keeping all others separate. This configuration has 
6.6 times more support for the observed data than a configuration 
assigning each recovery unit to a separate sub-population, which is how 
they are circumscribed in the recovery plan. Given the best model, the 
mean growth rate is -0.0234 (CI95 -0.0939, 0.0412) with a variance of 
  ii 
0.0597 (CI95 0.0115, 0.1134). This growth rate is not significantly different 
from zero and this is reflected in the low potential for quasi-extinction. The 
cumulative probability of the population experiencing at least an 80% 
decline from current levels within 15 years for some sub-populations were 
much higher (range: 0.129-0.396 for an 80% decline). These results 
suggest that the rangewide population has a low risk of extinction in the 
next 15 years and that the formal recovery units specified by the original 
recovery plan do not correspond to proper sub-population units as defined 
by population synchrony. 
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Introduction 
Populations are more than just the sum of their parts. The 
conservation of declining large populations comprised of several smaller 
distinct sub-populations experiencing countervailing trends and variable 
levels of stability requires a metapopulation approach (Levins 1970). 
Spatial structure and synchrony between sub-populations can have a 
major impact on how the ability of a population to withstand stochastic 
shocks and, in turn, to avoid extinction (Gilpin and Hanski 1991). 
Synchrony in this case refers to temporal correlation in the year-to-year 
stochastic variation in population size among sub-populations over time. 
Here we make the distinction between small and large populations. Small 
populations are operationally defined as those that are more likely to be 
endangered in spite of zero or even positive growth rates by small 
population phenomena like demographic stochasticity, negative density 
dependence, and loss of genetic diversity through genetic bottlenecks 
(Morris and Doak 2002, Melbourne and Hastings 2008); large populations 
are those unlikely to be threatened with extinction by the above 
phenomena. In this paper we focus on the process of spatial synchrony 
and its effects on the viability of large populations. Specifically, we note 
that the geographic range of large populations may be substantial, and as 
such, large, spatially extensive populations may exhibit complex spatial 
structure in which sub-populations show considerable spatial variation in 
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the sign, magnitude, inter-annual variation and synchrony of growth rates. 
This spatial variation is important both for local management (in sub-units 
of the larger range) and for the long term viability of the larger population. 
 
Quantifying Extinction Risk for Spatially Structured Populations 
Population viability analysis (PVA) is a common and useful tool for 
quantifying extinction probabilities and informing practitioners about 
potential conservation decisions (Boyce 1992, Snover and Heppell 2009, 
Bronte et al. 2010, Lu and Sun 2011). There are many types of PVA 
(Morris and Doak 2002); some that require detailed demographic data and 
others that require only a time series of abundance. Very few PVA’s can 
tackle the spatial structure characteristic of large populations in the 
context of quantitative abundance or demographic data. For example, 
many spatial PVAs rely on incidence function analysis, which provides 
estimates of metapopulation persistence over time given presence-
absence data for the constituent sub-populations (Hanski 1994). This 
approach has clear advantages including most notably very low data 
requirements. This approach also has disadvantages, most notably the 
inability to incorporate abundance data for the sub-populations. 
Time series PVAs (e.g., Dennis et al 1991; Holmes 2004) 
incorporate abundance data in a quantitative framework. Simple, single 
species time series models estimate the mean and variance in the log 
population growth rate by likening population growth to a diffusion process 
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with drift in time (Dennis et al. 1991). Estimated growth parameters can 
then be used to compute various probabilities of extinction metrics 
analytically. These “diffusion approximation” methods (Dennis et al. 1991) 
have been improved and refined over the last decade to handle missing 
data, multiple sources of uncertainty, including observer error, density 
dependence and spatial structure and population synchrony (Holmes 
2001, 2004, Holmes and Fagan 2002, Holmes et al. 2007, Ellner and 
Holmes 2008). These methods have been shown to perform well in 
estimating growth rates compared to previous methods which failed to 
address process error, observation error, or both (Sabo et al. 2004; 
Humbert et al. 2009; Holmes et al. 2007). Time series models that 
incorporate spatial structure are an important advance in the field of 
quantitative conservation because they provide a potential tool for 
estimating extinction risk for large spatially structured populations with 
heterogeneous growth rates and variable levels of synchrony in dynamics 
across space. In a nutshell, these methods provide a framework for both 
identifying important sub-population structure and quantifying risk of the 
subunits and the population as a whole. 
In spatially structured large populations, the correlation structure of 
parameters between sub-populations is important in that highly 
synchronous sub-populations lead to an increase in extinction risk when 
constructing PVAs (Harrison and Quinn 1989, Kendall et al. 1999; Hill et 
al. 2002, Hilderbrand 2003). Methods to address these concerns have 
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been created to incorporate spatial structure and potential synchrony into 
PVA (Hinrichsen 2009). Given these developments there is great 
opportunity to apply these new methods to real world conservation 
problems.  
 
Case Study: Southwestern Willow Flycatcher 
In this thesis I use the example of the southwestern willow 
flycatcher (Empidonax traillii extimus) to illustrate the application of a 
particular spatially structured time series PVA to the management of a 
wide ranging but endangered population. The southwestern willow 
flycatcher (hereafter referred to as flycatcher) is one of four subspecies of 
the willow flycatcher (Empidonax traillii) found in the United States. This 
neotropical songbird breeds in the southwestern states of California, 
Arizona, New Mexico, Nevada, Utah, and Colorado; and winters in Central 
and South American from the central western Mexican coast south to 
northern South America. The summer breeding season generally lasts 
from early May through early August, though these dates can vary 
between years and breeding sites. Flycatchers breed along rivers, 
streams and reservoirs, where dense riparian vegetation exists and 
nesting substrate species can vary depending on geographic location. 
This flycatcher was listed as endangered by the USFWS on 
February 27 1995 (USFWS 1995) and a recovery plan was published in 
2002 (USFWS 2002). The flycatcher recovery plan addresses recovery of 
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the population as a whole (one large meta-population) and sets a recovery 
goal equivalent to a minimum (range-wide) population size of 1,950 
territories. The recovery plan also addresses conservation of smaller 
localized populations, which may have different impact on the recovery of 
the population as a whole. Each of these sub-populations is referred to as 
a recovery unit (Figure 1) and the 1,950 territories used as a basis for 
recovery must be uniformly distributed across the six recovery units. As 
part of the 2002 recovery plan, the USFWS conducted PVA of the entire 
population using an incidence function approach (USFWS 2002). This 
model was most likely chosen to match the low quality and quantity of 
data available at the time. The 2002 recovery plan also called for a future 
PVA to be completed once additional data were collected. In this study I 
follow up on this call for a better PVA using the additional data collected 
since the original was completed. 
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Figure 1. The approximate range and U.S. Fish and Wildlife Service 
Recovery Plan recovery units of the southwestern willow flycatcher 
(Empidonax traillii extimus). Numbers in circles represent individual 
recovery units: 1) Costal California, 2)Basin and Mojave, 3) Lower 
Colorado, 4) Upper Colorado, 5) Gila, and 6) Rio Grande. 
 
Since the PVA was completed as part of the 2002 recovery plan, 9 
to 12 additional years of count-based census data have been collected 
throughout the range of the flycatcher. These data, combined with the 
many refinements made to time series PVA, provided an opportunity to 
explore methods for examining the recovery units and extinction 
probabilities for the flycatcher. 
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The overarching goal of this thesis is to apply a state-space model 
to spatially structured time series of abundance data for the willow 
flycatcher to quantify spatial structure and viability of the species. The 
specific objectives of my study were twofold. First, I wanted to estimate 
overall viability for the species across its range by applying a spatially 
structured times series PVA to the range-wide flycatcher count data. This 
new PVA improves upon previous population viability assessments by 
explicitly incorporating synchrony between sub-populations (recovery 
units) and both process error and observation error. Second, I set out to 
use a multi-model inference approach to ascertain potential sub-
population synchrony and examine how appropriate the current recovery 
units are as sub-populations within the greater range of the flycatcher 
based on this synchrony. These two objectives will contribute to a fuller 
understanding of the overall viability of this species and evaluate the 
appropriateness of the recovery units themselves as spatially distinct sub-
populations. 
 
Methods 
Data 
Count data were collected from 1995 to 2007 across the range and 
through 2010 in the Lower Colorado and Gila recovery units (Bibby et al. 
1992). The data were collated into a database by the USFWS with 
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contributions from the U.S. Geological Survey, the Arizona Game and Fish 
Department, and many other individuals and agencies, and the USFWS 
houses the data, ultimately overseeing the integrity. Data were collected in 
the field by individuals who were trained to follow a federally approved 
survey protocol developed specifically for the Southwestern willow 
flycatcher (Sogge et al. 2010). Count data included the number of 
individuals and an estimate of the number of territories. This estimate of 
territories was used as the basis for my calculations. Survey results were 
summed by recovery unit and divided by the number of sites surveyed to 
avoid problems arising from uneven survey effort and changes at the site 
level from year to year. These values were then log transformed and each 
recovery unit was treated as a separate time-series in the PVA function. I 
tested for density dependence using the Dennis and Taper (1994) method 
and density dependence was not found in the population as a whole or in 
any of the recovery units individually (Appendix A). 
 
MARSS: Circumscribing Recovery Units and Estimating Viability 
I applied a multivariate auto-regressive state-space (MARSS) 
model to a spatially explicit time series of abundance data (averaged 
within recovery units as described above) for the Southwestern willow 
flycatcher across the range over the period spanning 1995-2007 (through 
2010 in the Gila Basin and Lower Colorado recovery units). The model 
estimates critical growth parameters (mean and variance in population 
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growth rate), the correlation in measures of stochastic shock or synchrony 
between sub-populations (recovery units) and extinction probabilities of 
the sub-populations and the whole population. The parameters of interest 
are the rate at which the median log population size increases (μ, growth 
rate) and the rate at which the distribution spreads (σ2, variance). The 
variance, σ2, is further partitioned between two key sources of uncertainty: 
process error (vt) and observer error (wt). By parsing the process and 
observer error, I am not propagating observer error forward through 
forecasted populations. 
The estimating equations are: x𝑡 = x𝑡−1 + 𝜇 + 𝑣𝑡 , where 𝑣𝑡 ~ MVN(0,𝐐)   (1) y𝑡 = 𝐙x𝑡 + a + 𝑤𝑡 , where 𝑤𝑡 ~ MVN(0,𝐑)   (2) x1 ~ MVN(π,𝐕1)   (3) 
Equation (1) represents the trajectories of the logarithmic sub-
populations, xt is the unobserved population at time t and is an m × 1 
vector, this vector is from the x matrix, an m × T matrix where m is the 
number of potential sub-populations (this varies from 1 to 6) and T is the 
length of time forecasted. The variable μ is the growth rate , an m × 1 
vector. The random variable vt is the process error, an m × 1 vector that 
follows a multivariate normal distribution with mean zero and m × m 
variance-covariance matrix Q. 
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In equation (2), yt is the observed population size (each recovery 
unit’s time series) at time t and is an n × 1 vector, Z is an n × m design 
matrix of zeros and ones, with each row summing to 1. This matrix 
specifies how the observed time series relate to the potential sub-
populations (xt’s). The a is an n × 1 matrix is a scaling variable which 
scales each time series to each other, yt is an n × 1 matrix of the 
observation errors, and R is an n × n matrix of the observation error 
variances with the covariances set to zero. 
Equation (3) is a representation of the initial conditions of the 
trajectories of the sub-populations. This variable is multivariate normal and 
treated as fixed but unknown (1 value for π for each state-space), but no 
variance (V1, the variance of the initial state is 0). 
The model was applied using the statistical program R (R 
Development Core Team 2010) and more specifically, the MARSS 
package (Holmes and Ward 2010) within R. 
 
Assumption: Constant Observer Bias Across Sites 
The data used for this analysis were completed by surveyors 
granted a permit by the U.S. Fish and Wildlife Service with the stipulations 
that the individual has completed the official survey training and has 
accompanied an experienced willow flycatcher surveyor during surveys 
before surveying on their own. Hence, I assume for tractability that 
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observation variances are equal (a single value, R) across sub 
populations. 
 
Circumscribing Population Structure 
The Z matrix is to inform the model how the observed time-series 
(y’s) relate to the hidden space-states, or potential sub-populations (x’s). 
This is where I examine the possibility of the existence of sub-populations 
that differ from the existing recovery unit organization. I have created 19 
models (Table 1) with various groupings of the recovery units in 
geographically logical ways, for example, grouping the geographically 
adjacent Gila Basin and Rio Grande recovery units. I have included a 
model which assigns all recovery units to one population (Model 1) and a 
model which assigns all recovery units to separate sub-populations (Model 
2). The numbers listed under the recovery unit indicate which modeled 
sub-population the recovery unit is assigned to. 
Table 1. Recovery units circumscribed into sub-population and used as models. 
Model 
Number 
Coastal 
California 
Basin & 
Mojave 
Lower 
Colorado 
Upper 
Colorado Gila Basin Rio Grande 
1 1 1 1 1 1 1 
2 2 5 4 6 1 3 
3 2 4 1 3 1 3 
4 2 2 1 3 1 3 
5 2 3 1 1 1 1 
6 2 4 1 1 1 3 
7 2 2 1 1 1 3 
8 2 2 1 1 1 1 
9 2 4 1 5 1 3 
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10 2 2 1 4 1 3 
11 2 3 1 4 1 1 
12 2 2 4 4 1 3 
13 2 5 4 4 1 3 
14 2 2 4 5 1 3 
15 2 4 3 5 1 1 
16 2 4 4 3 1 3 
17 2 1 1 3 1 3 
18 2 4 4 5 1 3 
19 2 4 4 4 1 3 
 
Model Selection 
The 19 models listed in Table 1 were evaluated by using the Akaike 
information criterion (AIC) with a small sample corrector (AICb) using 
parametric bootstrap methods (Burnham and Anderson 2002). This avoids 
problems with AIC selecting overly complex models with short time-series 
data (Cavanaugh and Shumway 1997, Bengtsson and Cavanaugh 2006). 
Although AIC has been used for model selection with state-space models 
(Ward et al. 2010, Crozier et al. 2011), using AIC with space-state models 
is untested (Dennis et al. 2006) and the appropriateness of AIC in this 
context is largely unknown. 
 
Estimating Extinction Probabilities 
To calculate the total probability of reaching quasi-extinction at time 
T, I used the cumulative distribution function associated with MVN (Morris 
and Doak 2002). For the quasi-extinction threshold I used relative 
measures, namely of 20%, 50%, and 70% of the last recorded population. 
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I then forecasted the population of each sub-population (based on the 
results of the model selection) using Equation 1 and calculated a 
probability to reach 80%, 50%, and 30% declines after 15 years. 
 
Results 
In spite of the unusually copious dataset for willow fly catchers 
compared to other rare species, the full spatial model was difficult to 
estimate. Specifically, the model produced degenerate values (zero) 
during estimation of parameters and their variances when I allowed each 
potential sub-population to have a unique process variance (vt). Hence, I 
forced one value for the process variances and set all covariances to zero 
for all unobserved populations (Equation 1). Finally, I set the values for μ 
equal between all sub-populations again due to an inability to converge 
and the creation of degenerate values in the parameters. The inability to 
converge (in all cases) is likely due to both: 1) a shorter than ideal data set 
relative to the number of parameters being estimated, and 2) years with 
no data (i.e., too many missing years). Inability to converge and the 
creation of degenerate values can sometimes be attributed to identification 
problems (Pindyck and Rubinfeld 1998). Exclusion (hence identification) in 
general is difficult to determine. In this state-space model exclusion may 
be provided through the use of the scaling variable a in Equation 2 or the 
single value for observer error forced across all sub-populations. To test 
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whether a higher quality dataset would allow all estimated variables to 
converge, I re-estimated the parameters while allowing a separate growth 
rate and process error for each sub-population. I used a data set without 
missing values and was able to complete the estimation without getting 
convergence issues (Appendix B). These problems with the spatially 
extensive model (4 sub-populations) were not relevant to single population 
models once the proper sub-populations were identified in the larger, 
spatially extensive PVA. 
Given the assumptions of equal μ and vt across recovery units and 
zero-covariances, I found that the spatial grouping of several current 
recovery units (Model 11, Table 2) had the highest support (i.e., was the 
best model, given the data and set of models analyzed). This model 
grouped the Lower Colorado, Gila Basin, and Rio Grande recovery units 
into a single unit (Figure 2). 
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Figure 2. Recommended recovery units of the southwestern willow 
flycatcher (Empidonax traillii extimus). Numbers in circles represent 
individual recovery units: 1) Costal California, 2)Basin and Mojave, 3) 
Lower Colorado, Gila Basin, and Rio Grande, and 4) Upper Colorado. 
 
This configuration has 6.6 times more support given the observed 
data than a configuration assigning each recovery unit to a separate sub-
population (Model 13) and 2.7 times more support compared to the 
second best model, Model 3, which was the combination of the Lower 
Colorado and Gila Basin, and the Upper Colorado and Rio Grande 
recovery units (Table 2). 
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Table 2. AICb values for tested models. 
Model K AICb Δi wi 
3 9 122.5682 1.9933 0.1903 
4 9 128.4045 7.8296 0.0103 
7 9 127.1337 6.5588 0.0194 
9 9 123.3694 2.7945 0.1275 
10 9 125.2705 4.6956 0.0493 
11 9 120.5749 0.0000 0.5154 
13 9 124.3358 3.7609 0.0786 
All other models 
combined 
9 NA NA 0.0093 
 
Given the best model (Model 11), and hence the appropriate spatial 
structure given the data, the mean growth rate (μ) is -0.0234 (CI95 -0.0939, 
0.0412) with a process variance (vt) of 0.0597 (CI95 0.0115, 0.1134). This 
growth rate is not significantly different from zero, though with such high 
variance the population is still in danger of extinction. This can be seen in 
the population forecasts, and estimation of relevant extinction risk metrics. 
Specifically, the cumulative probability to reach a quasi-extinction 
threshold of 20, 50 and 70% initial abundances (in 1995), or to experience 
80, 50 and 30% declines after 15 years, is 0.159, 0.591 and 0.798, 
respectively (Figure 3). Probabilities of 80%, 50%, and 30% declines after 
15 years for some sub-populations were much higher (range: 12.9-39.61 
% for an 80% decline; Table 3). Interestingly, the sub-population based on 
consolidated recovery units (3 in Table 3) had the highest extinction risk 
and was also the largest population. 
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Figure 3. The cumulative probability to reach a quasi-extinction 
threshold of (a) 80, (b) 50 and (c) 30% declines based on μ and vt, after 
15 years, is 15.9, 59.1 and 79.8, respectively. Dashed lines indicate 
95% CIs. 
 
Table 3. Probability of 80%, 50%, and 30% declines after 15 years for each sub-
population 
Sub-population 80% Decline 50% Decline 30% Decline 
1. Coastal 
California 29.22 41.69 51.28 
2. Basin & Mojave 12.9 28.37 42.32 
3. Lower 
Colorado, Gila 
Basin, Rio Grande 
39.61 48.58 55.17 
4. Upper Colorado 23.54 37.83 48.68 
 
Discussion 
Conservation practitioners often need to develop recovery goals for 
wide ranging populations and a key issue in such cases is asynchrony in 
stochastic variation in abundance among sub-populations. The rational for 
a strong emphasis on sub-population asynchrony is that risk is spread 
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across spatial subunits (i.e., some sub-populations could be declining but 
the overall population rescued by increasing sub-populations). More 
importantly, asynchrony in stochastic variation decreases the probability of 
systemic catastrophe—bad years in some sub-populations are offset by 
good years in others. Hence, identifying the synchrony among sub-
populations can help conservation managers better understand population 
viability of a species. 
 
New Outlook on the Southwestern Willow Flycatcher Recovery Effort 
The southwestern willow flycatcher is an icon of conservation in the 
Desert Southwest (McCabe 1991). Since its listing as endangered under 
Endangered Species Act in 1995, development and human activity in and 
near riparian areas has been scrutinized under the umbrella of protection 
of the flycatcher’s nesting habitat. For example, in February 2003, the 
USFWS issued a “take” permit to the Salt River Project (SRP) for 
operations at Roosevelt Dam in Arizona allowing normal operations of the 
dam despite potential loss of individual flycatchers through inundation of 
occupied flycatcher habitat in the reservoir bed. This take permit was 
issued with the stipulation that SRP acquire at least 1500 acres of riparian 
habitat along rivers in central Arizona to manage in perpetuity for the 
conservation of flycatchers. 
The 2002 recovery plan for the flycatcher included a PVA. This 
PVA was based on an incidence function analysis, and so did not examine 
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abundance data explicitly. Moreover, the original PVA did not quantify risk 
for the range-wide population. The key results of the original PVA were 
that the recovery units are most stable (i.e., viable) when they contain 
many sites occupied by birds within each recovery unit (e.g. Coastal 
California, Gila, and Rio Grande recovery units) and this stability increases 
when connectivity is increased (within recovery units), i.e. sites are <15km 
apart and have 10 to 25 territories or more (USFWS 2002). 
My analysis builds on these results in several ways. First, my 
analysis is based on a newer, state space approach to PVA in which I 
explicitly incorporate abundance data, spatial population structure and 
synchrony in variation in growth rates among sub-populations. Second, 
this more comprehensive spatial analysis suggests that quasi-extinction 
risk of the entire population is low, but not negligible over the next 15 
years as a result of high variance in the process error. This result should 
not be that surprising given the population is wide ranging with sub-
populations having variable—including low—risk. Third, levels of 
synchrony among sub-populations provide compelling support for the idea 
that the Lower Colorado, Gila Basin, and Rio Grande recovery units 
should be grouped, “southeast desert unit”. Fourth, the recovery unit with 
the largest risk of decline (to 20% last recorded abundance levels) is the 
new southeast desert unit circumscribed by MARSS from 3 former 
recovery units. This result underscores the importance of this new 
combined recovery unit since it is the largest (922 territories in 2007, the 
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last year data is available for all three recovery units) and hence, most 
likely to affect the viability of the entire population. 
 
Implications of Revised Recovery Units 
Given the current data and acknowledging the limitations of these 
(i.e., convergence issues) my analysis suggests that the six recovery units 
currently adopted by the USFWS are not supported by estimated levels of 
synchrony among former recovery units. Hence, I conclude that the Lower 
Colorado, Gila Basin and Rio Grande recovery units are one sub-
population unit and should be managed as a single recovery unit. 
Moreover, subdivision of the population into six independent recovery 
units—as in the recovery plan—may give a false sense of confidence in 
the viability of the whole population. These “false” sub-populations 
(included as recovery units in the current recovery plan) have highly 
correlated dynamics such that stochastic shocks in one recovery unit will 
likely be experienced across the entire ensemble of such false units.  
Grouping the Rio Grande recovery unit with the Gila Basin and the 
Lower Colorado recovery units may initially seem counterintuitive as the 
Rio Grande unit is in a separate river basin than the Gila and Lower 
Colorado (both in lower Colorado River watershed). This counterintuitive 
result most likely owes to similarity in the mechanisms driving synchrony. 
For example, I hypothesize that synchrony across these two river basins 
owes to similarities in at least three factors: habitat fluctuations, 
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hydrological regimes, and human related development. Adding covariates, 
such as metrics of hydrologic variation (i.e., Grossman and Sabo 2010, 
Sabo and Post 2008) into future state-space analyses may help answer 
this question. In fact, one of the distinct strengths of state space 
approaches to viability analysis is in fact that covariates are naturally 
accommodated provided adequate quantity and quality data (Ives et al. 
2003). 
Finally, I caution that these conclusions should be viewed flexibly. 
The population structure supported in this analysis may change as 
conditions, change, data improve and time-series length increases, but 
using a metapopulation approach which considers potential synchrony 
between sub-populations should provide an excellent tool for the 
conservation managers. Additionally, the current recovery goal of 1950 
territories evenly distributed across the recovery units should be revisited. 
A different configuration of recovery units based on synchronous sub-
populations would likely contribute unevenly to this total. Even under the 
current configuration, the requirement for homogenous distribution across 
recovery units (325 per current recovery unit) may be an unattainable goal 
and relegate recovery of the flycatcher to the status of impossible. While 
retaining the ultimate goal of 1950 territories may be appropriate, a 
heterogeneous distribution of these territories allows greater flexibility in 
the designation of recovery units in light of synchronous and 
asynchronous sub-populations.  
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Caveats 
The interpretation of my results is limited by some key 
shortcomings experienced while confronting the state space model with 
data. Specifically, the full model, i.e. unique process variances and growth 
rates for each sub-population, did not converge. An independent test of 
convergence issues with a higher quality data set, suggests that the lack 
of convergence of the larger spatial model owes in large part to zeros in 
the data (Appendix B). Nevertheless, even with a reasonably rich dataset, 
a fully specified spatial model was difficult at best to estimate. In order to 
estimate parameters in the full spatial model, I forced one value for the 
process variance and set all covariances to zero and set the values for 
growth rate to be equal between all sub-populations. While not trivial, 
these constraints may not limit the relevancy of my analysis because 84% 
of the known territories from 1993 to 2007 are in the three amalgamated 
recovery units. Hence, the assumption of one growth rate and one 
process error likely only overshadows the contribution of the coastal 
population to the viability of the whole population. This issue needs closer 
examination and results from PVAs on the individual sub-populations 
without attempting to measure synchrony may be able to bridge this gap in 
knowledge. For example, if separate PVAs on the Coastal California and 
the grouped sub-population (Lower Colorado, Gila, and Rio Grande) result 
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in growth rates which are not significantly different, assuming one growth 
rate is acceptable. 
 
Conclusion 
Ultimately, the goal of this and any PVA should be to assist in the 
management and conservation of the species under consideration. For the 
flycatcher, I was able to calculate population viability, analyze sub-
population structures, and show how this applies to current recovery 
efforts. My results suggest that the management of the flycatcher under 
the recovery plan needs to be re-evaluated with synchrony in mind. 
Synchrony is a very useful metric for recovery planning—a key measure of 
sub-population structure. Analyzing the synchrony in stochastic shocks 
(process error) between sub-populations may provide a more 
quantitatively defensible method for circumscribing recovery units than 
geography alone. Grouping synchronous sub-populations allows mangers 
to prescribe similar conservation measures to similar populations when 
managing a species to prevent extinction or enable recovery. In the future, 
management of the flycatcher should allow for a more fluid set of recovery 
units with heterogeneous populations as conditions change, additional 
data is collected, and PVA methods improve. 
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APPENDIX A  
LIKELIHOOD RATIO TEST OF DENSITY DEPENDENCE 
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Parametric bootstrap likelihood ratio test of density dependence for the Rio 
Grande and Gila Basin recovery units. Null hypothesis is Model 1 (density 
independence, b=0) and the alternate hypothesis is Model 2 (density 
dependence, b<0). Bootstrap samples = 8000. 
Rio Grande Recovery 
Unit 
     
Model 1 
 
â1 = 0.1243446; 𝜎�12 = 0.2651712 
Model 2 
 
â2 = 0.4673851; 𝑏�2 = -0.05802622; 
𝜎�2
2= 0.2347342 
Likelihood ratio statistics T12 = -1.080278; 𝑷� = 0.620375 
       
Gila Basin Recovery 
Unit 
     
Model 1 
 
â1 = -0.04427108; 𝜎�12 = 0.06600563 
Model 2 
 
â2 = 0.5776061; 𝑏�2 = -0.07884963;  𝜎�22= 0.04730412 
Likelihood ratio statistics T12 = -2.352626; 𝑷� =0.14 
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APPENDIX B 
ESTIMATION OF PARAMETERS ON A SMALLER DATASET 
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Maximum-likelihood estimates for a subset of the willow flycatcher population 
with higher data quality, of sub-population growth rates (μ), process variances 
(vt) and variance-covariance matrix of the process variation. Bootstrapped 95% 
confidence interval for μ and diagonal elements of vt are given in parentheses. 
Observation error (wt) was 0.00984, (CI95 0.00235, 0.0233). 
Subpopul-
ation 
Mean 
growth 
rate (μ) 
Process 
error (vt) 
Variance-covariance matrix (vt) 
Lower 
Colorado Gila Basin Rio Grande 
Lower 
Colorado 
0.09114 
(-0.0825, 
0.2694) 
0.12125 
(0.0141, 
0.2041) 
0.12125 -- -- 
Gila Basin 
0.05777 
(0.0326, 
0.0831) 
0.00164 
(0.00009, 
0.0108) 
0.01254 
(-0.00563, 
0.0347) 
0.00164 -- 
Rio 
Grande 
0.10538 
(-0.0425, 
0.2730) 
0.08842 
(0.00612, 
0.1613) 
0.00498 
(-0.0609, 
0.0589) 
-0.00490 
(-0.0233, 
0.0154) 
0.08842 
 
